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Abstract  
Data quality is a critical issue in scientific databases since the reliability of empirical data can have a 
major impact on the formation of scientific theories and policy decisions. Yet while several conceptual 
frameworks for data quality have been proposed, there is still a lack of general tools and metrics to 
measure and control the quality of empirical data in practice. As a first step in this direction, we 
carried out a detailed study of data quality requirements in a system designed to support food 
scientists by managing data about food composition. Our users included system designers and 
developers as well as food compilers and project managers. In addition to determining which 
dimensions of data quality specified in existing conceptual frameworks users consider important in 
assessing the reliability of data, we also asked users to assess the importance of various criteria 
related specifically to empirical data. These factors were based around the four steps typical in the 
life-cycle of empirical data, namely sampling, analysis, data acquisition and data processing. Another 
novel feature of our study was to investigate not only the different dimensions of data quality 
considered to be important but also how this depends on the role of users.  
Keywords: data quality, empirical data, food science 
 
1 Introduction 
Although several conceptual frameworks for data quality have been proposed, there is still a lack of 
general tools and mechanisms to control data quality in information systems beyond typical 
constraints for checking syntactic correctness, consistency and completeness.  
In the case of scientific information systems, where the processing and analysis of empirical data 
forms the basis for formulating scientific theories and making policy decisions, it is important to have 
some measure of the reliability of that data. Information about data quality is not only a vital part of 
querying existing data, but also plays an important role in planning future work by highlighting 
measurements that might be old or came from unreliable sources as well as missing data. The 
reliability of empirical data depends on several criteria ranging from the method used to measure a 
data value to where and when the measurement was taken. Further, since measured values are always 
approximations to real values, the sampling method and purpose of use are important considerations in 
determining how reliable the value is when used as a representative measure for a given population. 
For example, if the amount of Vitamin C is measured for a particular apple, how reliable is it to use 
that value as a representation of the amount of Vitamin C in all apples from the same tree, all apples of 
the same variety, all apples from the same country or all apples generally? 
Our long-term goal is to develop a general data quality framework that can be used to manage data 
quality in scientific information systems by providing users with easy, visual access to data quality 
metrics together with indicators of actions to be taken to address specific problems such as data that is 
incomplete, out of date or below some quality threshold. 
As a first step, we carried out a detailed study of data quality requirements in the context of a project 
in the food sciences. The project FoodCASE (www.foodcase.ethz.ch) involved the development of a 
scientific information system to manage data about the composition of foods and their nutrient values, 
ranging from individual food items such as apples to recipes such as apple pie that involve several 
ingredients and processes and hence aggregated values.  
The first objective of the study was to determine what dimensions of data quality users consider 
important in assessing the reliability of data. In addition to dimensions specified in existing conceptual 
frameworks for data quality, we developed a set of categories and questions related specifically to the 
steps involved in the sampling, analysis, acquisition and processing of empirical data. The second 
objective was to evaluate if the resulting reliability framework is useful, applicable and complete. The 
third objective of our study was to investigate how the criteria vary for different user roles. 
In Section 2, we start with a review of previous related work on data quality frameworks. Section 3 
then outlines the lifecycle of empirical data based on the example of food composition data and 
introduces the set of categories and questions that form the basis for our proposed reliability 
framework for empirical data. A description of the study is given in Section 4 before presenting the 
results in Section 5 along with a discussion on the implications for the design of a data quality 
framework for scientific information systems. A discussion on the outcomes of the work presented in 
the paper and implications for future work are given in Section 6 along with concluding remarks. 
 
2 Background 
A comprehensive review of conceptual data quality frameworks reported in (Eppler, 2006) identified 
20 frameworks and showed that most are developed for specific domains with only a few general 
ones. Another review is presented in (Batini and Scannapieco, 2006). 
The most often cited framework is that of (Wang and Strong, 1996). They interviewed data consumers 
about data quality and ended up with 179 dimensions which were then condensed and summarised 
into 15 dimensions and 4 categories shown in Figure 1.  For example, under intrinsic data quality, they 
group properties into the dimensions believability, accuracy, objectivity and reputation.  
 
Figure 1. A data quality framework with 15 dimensions identified by Wang and Strong in 1996. 
(Redman, 1996) proposes three categories of data quality dimensions: Those relating to the model or 
view, those relating to data values, and those relating to the representation of records. A view is 
defined as "part of the real world" to be captured in the data. The first category contains 15 dimensions 
(relevance, obtainability, clarity of definition, comprehensiveness, essentialness, attribute granularity, 
domain precision, naturalness, occurrence identifiability, homogeneity, minimum redundancy, 
semantic consistency, structural consistency, robustness and flexibility).  The second category contains 
4 dimensions (accuracy, completeness, currency and value consistency) and the third contains 8 
dimensions (appropriateness, interpretability, portability, format precision, format flexibility, ability to 
represent null values, efficient usage of recording media and representation consistency). 
Both of these frameworks have accuracy as an intrinsic data quality dimension. A simple method to 
determine the accuracy of a data point is to calculate the distance between the value of a data point and 
its real value. In the case of empirical sciences such as physics, chemistry, biology, environmental 
science and food science, real values are often not known and are only approximately measurable. For 
example, if one considers the Vitamin C value of an apple, a food scientist can only measure this 
nutrient using the most current analysis method. As methods improve over time, the measured value 
should hopefully come closer to the real value, but the real value remains unknown. Whether the 
apples currently in my fruit bowl have the same value is also unknown.  
With empirical data, the source of the data as well as the methods used to measure and process values, 
all contribute to a scientist’s assessment of the reliability of that data. This means that the lifecycle of 
empirical data plays an important role in determining data quality.  
In the information quality framework proposed in (Eppler, 2006), it was recognised that the lifecycle 
can play an important role. In this case, the dimensions of information quality were categorised 
according to four levels and four phases. The four levels describe the relation of data to the target 
community, the information product, information process and infrastructure. The four phases represent 
the information lifecycle from a user’s point of view, namely finding information, understanding and 
evaluating it, adapting it to the user’s context and applying it in the correct manner.  
In the case of empirical data, it is important to determine what the appropriate phases of its lifecycle 
are and what criteria are important in each of these phases to produce a measure of data quality. Based 
on these criteria, a data quality framework could be designed to manage the quality of empirical data 
as part of a scientific information system by storing the relevant metadata and using it to derive a 
measure of the reliability of data values. 
The use of metadata to evaluate data quality has been proposed by other researchers, for example 
(Mihaila et al, 2000) and (Rothenberg, 1996). Specifically, Rothenberg argues that information 
producers should perform verification, validation, and certification of their data and then provide data 
quality metadata along with the datasets. Also, (Naumann et al, 1999) presented a mediation 
framework for the querying of data in molecular biology where data is selected from different data 
sources based on data quality information stored as metadata. The authors based their approach on the 
data quality framework of (Wang and Strong, 1996), defining scores for each of the data quality 
dimensions and normalising them to build a weighted sum. The data quality information for the 
different sources is stored as metadata and the mediator performs a quality-driven source selection 
when executing queries, returning only data of higher quality to users.  
We conclude this section, by again emphasising that most of the frameworks that have been proposed 
are of a conceptual nature. Thus, while the frameworks proposed for example by (Wang and Strong, 
1996), (Wand and Wang, 1996), (Redman, 1996) and (Rahm and Do, 2000) categorise dimensions in 
slightly different ways, they are similar in their approach in that their definitions of the dimensions 
tend to be descriptive and subjective (Naumann and Rolker, 2000), often using adjectives for which 
the semantics are overlapping or fuzzy.  
Research on tools and metrics to support data quality management in practice tends to be limited to 
specific dimensions or domains. For example, specific metrics have been proposed for the data quality 
dimensions of timeliness (Ballou et al, 1998), (Hinrichs, 2002), (Klier, 2008) and accuracy (Hinrichs, 
2002), (Klier, 2008).  (Pipino et al, 2002) on the other hand presented three general ways of deriving 
measures of data quality based on simple ratio, the minimum or maximum operation and the weighted 
average. The simple ratio measures the ratio of current outcomes to total outcomes. For instance, if a 
column of a table should contain at least one occurrence of all 50 states but it only contains 43 states, 
then we have population incompleteness and a ratio of 43/50. Minimum or maximum can be used to 
aggregate multiple data quality dimensions by simply selecting the minimum or maximum value, 
respectively, from the normalised data quality values of the individual data quality dimensions. 
Alternatively, one could use a weighted average to allow that certain dimensions are given more 
importance than others in determining data quality. 
In summary, little has been done on addressing the general requirements of data quality in scientific 
information systems with a view to developing a tool to support data quality management in practice. 
As a first step, it is important to gain an in-depth understanding of what data quality means to the 
various stakeholders in a scientific information system. Further, it is necessary to investigate not only 
how work practices can affect data quality, but also how a tool to manage data quality could have a 
positive influence on work practices and support the planning of future work.  
It was therefore decided to undertake a detailed study of data quality requirements in the area of food 
science, and specifically a system for managing food composition data. The study was based on a 
proposal for a reliability framework for empirical data which is introduced in the next section.    
 
3 Evaluation Framework for the Reliability of Empirical Data 
The lifecycle of empirical data consist of four main phases as shown in Figure 2. 
 
Figure 2. Four categories that can be used to determine the reliability of empirical data. 
During the first phase, a real world sample must be obtained. How the sampling is performed and how 
the resulting sample is handled can both affect data quality. The sample will then be analysed using 
particular measurement methods. Where and how the analysis is done may also affect data quality. 
The third phase is concerned with what and how data is entered into the information system. The 
selection of which data to enter and the entry process is often manual although it may be checked by a 
second person. The selection of data and the data entry process are both critical to data quality. The 
fourth phase is concerned with how raw data is further processed to produce new data such as 
aggregate values. Other factors that may impact on data quality are the way of selecting data that is to 
be aggregated and the appropriateness of the aggregation methods used. 
Within the EuroFIR project (www.eurofir.org), which aimed at standardising and harmonising food 
composition databases in Europe, a set of data quality questions was defined for food composition data 
to determine how reliable the values are. Taking these as a starting point, we generalised and extended 
this set of questions to be applicable to other forms of empirical data collections. 
The resulting reliability framework consisted of four categories called sample, analysis, data 
acquisition and data processing to represent the four phases in the lifecycle of empirical data. We now 
look in more detail at the different kinds of information that might be required to provide a measure of 
the reliability of data.  
Data  
processing 
Sample 
Data  
acquisition 
Analysis 
 Sample 
The first category contains the two subcategories origin of a sample and sample handling. 
Information about the sample helps to determine whether adequate sampling was performed. If a 
sample was transported to the place where it was analysed, then information about the sample 
handling is also required since it will influence the reliability of data.  
 Analysis 
Information is required about the units that perform the analysis of a sample, such as the laboratory, 
instruments and measurement method. Generally, the more appropriate the measurement methods 
used and the more information available about the units and the analysis steps, the greater the 
reliability of the results is judged to be.  
 Data acquisition 
In the case of food composition data, food compilers search for publications and laboratory reports 
and manually enter the food composition data that they find and select into their systems. 
Information about the data selection criteria and the input process, such as whether the entered data 
was double checked by a second person, have an impact on the assessed reliability of data.  
 Data processing 
This category concerns the selection of sample data and the methods used. When data is further 
processed such as calculating average values, the quality of selected data and the appropriateness of 
the aggregation methods impact the reliability of the generated data.  
We also identified 5 forms of questions that appear in all four categories: What-was-done, who-has-
done-it, where-was-it-done, when-was-it-done and how-was-it-done. The what-was-done question 
clarifies what samples or data are considered. Depending on the category and the context, the where-
was-it-done and how-was-it-done questions are not relevant and additional forms of questions can 
occur. For example, consider the category data acquisition and the issue of whether an entered value 
was doubled checked by a second person. In this case, the where-was-it-done question is not relevant 
because it does not matter if the person performed the check at home or in the office. On the other 
hand, if data is further processed and only selected values used, then the form of question why-was-it-
done must be added to make a more reasonable reliability rating.  
In the context of a specific empirical science, the categories and forms of questions must be combined 
and refined to get evaluable reliability criteria. For instance, in the context of food composition data, 
the category sample would be combined with the forms of questions what-was-done and how-was-it-
done to give the two concrete data quality questions:  
(1) “What was sampled?” and  
(2) “How was data sampled?” 
The resulting questions serve as a starting point for domain experts to refine the questions. For 
example, a food scientist would refine the two questions into “What food item was sampled?” and 
“How was the food item sampled?” If the questions are still not detailed enough, the expert can further 
refine the questions. In the case of the EuroFIR project, the first question was refined into 17 food 
describing questions including “Is the food group known?”, “Was the food source of the food or of the 
main ingredient provided?” and “Was the part of plant or part of animal clearly indicated?”.  
At this point, it is obvious that a general data quality framework, and even a tailored framework, 
cannot replace the work of domain experts who have to stipulate the final set of data quality questions. 
However, the reliability framework that we propose is able to guide experts from the abstract data 
quality dimension of reliability to concrete questions such as questions (1) and (2). 
It is important to note that, in a data quality management framework, it is important to not only ask 
users these questions but also to provide an appropriate set of possible answers. For this, we would 
recommend the use of a thesaurus with possible answers since it has the following advantages:  
1. The set of possible answers is limited. 
2. Every answer can be assigned a data quality quantification in relation to other answers (relative 
quantification). 
3. Data quality measures will be comparable because of the two points above. 
In the simplest case, a thesaurus can consist of the answers “yes” and “no” but it can also consist of a 
large number of entries. For example, in the case of food composition data, the nutrient thesaurus for 
the question “What was analysed?” contains over 700 entries. In the case of the reliability issue “How 
was data measured?”, a quantification of the answers could be of the form: method A is equal to 1 
point, method B is equal to 2 points and so on. Again, the quantification must be defined by context 
experts and it should be possible to provide complex functions as well as simple ones of the form 
above. 
The next step in the reliability assessment of an empirical data point is to aggregate the quantified 
answers of each combined category and form of question. In this way, we get a total data quality value 
for the data quality dimension reliability. A weighted sum is commonly used as an aggregation 
function, but is should also be possible to domain experts to refine this as required.  
To gain a better understanding of data quality requirements of users as well as a validation of our 
proposed framework, a user study was conducted which we present in the following sections. 
 
4 Description of the User Study 
There were three main objectives of the study that was carried out. The first was to assess the 
importance of the data quality dimensions in the framework of (Wang and Strong, 1996) in the area of 
food composition data and hence what users considered to be criteria to determine the reliability of the 
empirical data. The second was to assess the correctness and completeness of the reliability framework 
that we proposed. A third objective was to find out what the variation was between users and whether 
general differences between user groups could be identified.  
The study was carried out in the context of a workshop organised for the project FoodCASE. In the 
first part of the workshop, we presented a system for managing food composition data. This was 
followed by a survey where each participant had to complete a two-part questionnaire. 
There were 24 workshop participants working in the area of food composition across the world. They 
were asked to specify their job position and optionally their name on the questionnaire.  
In the first part of the questionnaire, they were asked about the data quality dimensions of the Wang 
and Strong framework. We added a dimension performance to the accessibility category since it can 
be a major factor affecting perceived quality in real systems. This part of the study had two objectives: 
The first was to verify that the framework is also applicable to food composition data and the second 
that our focus on the reliability of empirical data is of importance.  
The second part of the questionnaire consisted of questions about the four categories and the forms of 
questions in our proposed reliability framework. For each category, we formulated questions based on 
the five basic forms, excluding any that were not relevant as discussed before. The questions were kept 
as simple as possible to avoid misunderstandings. 
Questions in both parts of the questionnaire consisted of rating the importance of items based on a 6-
point scale 0-5 where 0 is not important and the values 1-5 give different levels of importance from 
less important (1) to very important (5).  
We also included open questions in the second part of the questionnaire to allow users to specify any 
dimensions, categories or questions that they felt were missing. This was important in validating the 
completeness of our proposed framework. 
5 Results and Findings 
We identified four different user groups: food compilers, computer scientists as creators or system 
maintainers of food composition software, managers as team leaders of food composition teams and 
ordinary users. An ordinary user is a person that does not belong to one of the former groups but uses 
the web interface of the software to retrieve food composition information. Some persons belonged to 
more than one user group. We decided to count these persons as one person in the overall analysis and 
as one person in each user group to which the person belongs. The disadvantage of this decision is that 
it leads to dispersion and the results of the user groups become closer to each other. However, the 
advantage is that any differences between two user groups shown in the results are really significant 
since they exist even though some users are counted in both user groups.  
 
5.1 The data quality framework of Wang and Strong  
We asked participants to rate the importance of the 15 dimensions by Wang and Strong as well as our 
own dimension performance.  
Based on the relative scale 0-5, we defined analysis ranges as follows: In a scale range from 0 to 5, a 
value of 0.5 corresponds to 10% difference. We regarded 10% and less to be as equally rated because 
a two-sample t-test for unequal variances over different user groups indicated on average a probability 
of around 50% that one user group has a different scoring from another. With a difference of 20% and 
greater, it is clearer that the ratings are not equal because the same two-sample t-test indicates between 
82.5 and 85% probability that the scores of  two user groups are not equal. With a difference of about 
35 to 36%, we get a 5% probability that the scores are equal and we can state that the different scores 
are statistically significant. Therefore, we regarded the range between 10% and 20% as an intersection 
area where it is not clear if a difference exists or not.  
In Figure 3, we present the average importance rating per dimension for the different user groups. For 
the group of all users, the variance is additionally indicated. 
As expected, the average rating over all participants for all dimensions, including performance, was at 
least “important” (3.3125 = lowest average value) and hence shows that, in the opinion of the 
participants, the data quality framework of Wang and Strong contains important dimensions for food 
composition data. The difference of the average values for all users shows also that some dimensions 
are rated to be more important than others. In the case of food composition information systems, 
accuracy and believability are considered to be the most important dimensions. 
It is interesting to note that, although all participants were aware that real values of nutrients are not 
known, accuracy is rated to be the most important dimension. We must assume that participants mean 
that a measured value should be as close as possible to its real value and that a reliability test gives 
information on how accurate a measured value is assumed to be. Although reliability was not 
explicitly mentioned as a dimension, it belongs to the category of intrinsic data quality. Reliability is 
closely related to accuracy, believability, objectivity and reputation. Wang and Strong describe 
accuracy as the extent to which data are correct, reliable and certified free of error. Hence, it is obvious 
that reliability is one of the most important dimensions for food composition data and it is therefore 
worth investigating this dimension further which is what we did in the second part of the 
questionnaire.  
If we look at the different user groups, it is conspicuous that the manager group has the highest 
average values for the dimensions of accessibility, access security, performance, believability, 
accuracy, objectivity, reputation, value-added, relevancy, completeness, appropriate amount of data 
and representational consistency. We count 12 of 16 dimensions in total. On the other hand, the group 
of computer scientists has the lowest average values for 5 of the 16 categories and the group of 
ordinary users has 7 lowest average values.  
 
Figure 3. Assessment results of different user groups for the 15 dimensions of Wang and 
Strong plus our own dimension of performance. 
 
Finding 1: These observations lead to the finding that data quality dimensions vary for different user 
groups between 0 and 40%. 
The dimensions with the largest variances are accessibility, security, reputation, value-added, 
timeliness, appropriate amount of data, interpretability, ease of understanding and concise 
representation. The variances for each user group, which are not presented in Figure 3, reveal that in 
most cases one or two user groups also have high variances in these dimensions. Although we 
regarded participants that belong to more than one group in each of them, the variances are not caused 
by these participants alone. 
For the dimensions accessibility, performance, objectivity and concise representation, all user groups 
have variance values near the average variance value. 
Finding 2: Users within the same user group do not assess all data quality requirements with similar 
importance and differences within a user group ranges from 0 to 100%.  
We asked participants to give further dimension that they think to be important. From 24 persons, only 
one person mentioned precision as an additional dimension.  
5.2 Proposed reliability framework 
We asked participants to rate every combination of data quality category and form of question 
according to its importance. In Figures 4 to 7, we present the average importance rating value for the 
single categories and for every single user group. For the group of all users, the variance is 
additionally indicated.  
We start by examining the results for the sample category presented in Figure 4. The two questions 
“Who took sample” and “Who transported sample” were considered to be less important for the 
reliability of data. The question “How long was sample transport” also has a rating under 3.5, but all 
other questions have a rating above 3.5.   
  
Sample Category 
 
Figure 4.  Importance rating results of different user groups for nine data quality issues of the 
category sample. 
 
Looking at Figures 5-7 for the other categories, we can see that the users considered all of the 
questions to be important. 
 Analysis Category 
 
Figure 5. Importance rating results for seven concrete data quality issues of the category 
analysis. 
 
 Data Acquisition Category 
 
Figure 6.  Importance rating results for seven data quality issues of the category data 
acquisition. 
 Data Processing Category 
 
   Figure 7.  Importance rating results for six data quality issues of the category data processing. 
 
This leads to our third finding: 
Finding 3: The study shows that our reliability evaluation framework can be used to identify and 
formulate all reliability requirements for food composition data. Further, Figures 4 to 7 show that the 
resulting reliability criteria are of importance to all user groups. 
In all four categories, we can observe different ratings for different user groups above 20%. For 
example, in the sample category for the question “Number of samples” the difference between 
managers and computer scientists is 35%. These observations substantiate finding 1. 
On the other hand, there are requirements with small variances over all participants. For example, in 
the analysis category, the question “What method(s) was used” has the average values of user groups 
compilers, managers and ordinary users lying within 5%. This finding also emphasises finding 1 in 
that not all requirements are equally affected. If a common rating scheme for the reliability of data 
items must be found for a group of food compilers, the questions with lowest variance are preferable 
because all persons agree on the importance of that issue. 
An example that emphasises finding 2 is the data quality functionality requirement of “continuous 
feedback on data quality“. The range of answers in the group of compilers, computer scientists and 
managers goes from minimum 0 to maximum 5. Such examples can also be found in other categories. 
A category comparison shows that the analysis category with an average value of 4.16 is rated to be 
the most important category for the food composition application. Within this category, the data 
quality criteria "What method was used to measure" and "How data was calculated in processed data" 
are the two most important issues with ratings of 4.7 and 4.56, respectively. 
To check whether the set of categories and questions were complete, we also asked if there are other 
issues that are important. Two users gave the following three answers: 
 Processes (in the software) need to be more automated.  
 Approval of data after data entry, before and after processing needs to be a compiler controlled 
automated procedure.  
 The values have to be transferred to the units used in the database.  
These issues were requirements to the food composition information system shown to the users in the 
first part of the workshop rather than to data quality issues and we therefore were satisfied that the 
users considered their data quality requirements to be met by the proposed framework.   
 
6 Discussion and Conclusions 
In this paper, we have addressed data quality requirements for empirical data, proposing a reliability 
framework that takes into account the different criteria used to assess the reliability of data. This 
framework consists of four categories corresponding to the phases in the lifecycle of empirical data. 
For each category, we then identified five general forms of questions that can be used to determine 
measures of data quality. These questions would provide the starting point for experts in a particular 
domain to come up with a specific set of questions for that domain. 
Since our long-term goal is to develop tools and metrics to support data quality management in 
scientific information systems, it was necessary that we first carried out a study to validate the 
proposed framework on which the tools and metrics would be based. We have presented the main 
results and findings of our study which show that the proposed framework is a promising foundation 
for future work. However, since the study was carried out in the single domain of food composition 
data, it is clear that we need to carry out further studies in other scientific domains to show the value 
of the framework in empirical sciences generally. This is planned for future work.  
An interesting finding is the fact that the criteria used to assess the reliability of empirical data varied 
significantly between user groups. This is something that has not been considered in previous work. 
On reflection, this finding is perhaps not so surprising. Different user groups have different roles and 
hence different responsibilities in an information system. Therefore, they tend to focus on the criteria 
that are closer to their own area of expertise and responsibility. For example, a user who is a system 
administrator will focus more on system issues, while a food compiler will focus more on the criteria 
related to the sources of data and methods used as well as the processes in which they are directly 
involved such as data entry.  
The implications are that the metrics used to measure data quality and how this information is visually 
presented to users should vary according to the user group. In this way, users can be alerted to 
problems for which they are responsible and to which they can respond.  
Since users within groups also varied in the importance that they would assign to different criteria, one 
could also propose that the metrics be adapted to individual users. However, since users within a group 
have the same job function and hence similar responsibilities, this would seem less appropriate.  
As stated in our description of the proposed framework, rather than defining a specific set of metrics, 
we feel that it should be possible for the domain experts to configure these by specifying what values 
should be assigned to the different possible answers, to questions, and what weights different criteria 
should be given in calculating a weighted sum to yield an overall data quality score. We note however 
that the calculation of a data quality score for a particular data item is not something that needs to be 
calculated only once for empirical data. For example, if a new method of analysing samples is 
introduced, then the set of possible answers to a question about how a sample was analysed will need 
to be updated along with the corresponding scores. At this time, it would therefore be necessary to re-
calculate the data quality scores for all existing data. 
Based on the results of the study and the proposed reliability framework, we have developed a first 
phase prototype of a data quality management framework that was integrated with a food composition 
database. Currently, we are developing a second phase prototype that will be more general and we 
plan to test it in other scientific domains. 
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